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Abstract: Genomic selection has been proposed for the mitigation of methane (CH4) emissions
by cattle because there is considerable variability in CH4 emissions between individuals fed on
the same diet. The genome-wide association study (GWAS) represents an important tool for the
detection of candidate genes, haplotypes or single nucleotide polymorphisms (SNP) markers related
to characteristics of economic interest. The present study included information for 280 cows in three
dairy production systems in Mexico: 1) Dual Purpose (n = 100), 2) Specialized Tropical Dairy (n = 76),
3) Familiar Production System (n = 104). Concentrations of CH4 in a breath of individual cows at
the time of milking (MEIm) were estimated through a system of infrared sensors. After quality
control analyses, 21,958 SNPs were included. Associations of markers were made using a linear
regression model, corrected with principal component analyses. In total, 46 SNPs were identified as
significant for CH4 production. Several SNPs associated with CH4 production were found at regions
previously described for quantitative trait loci of composition characteristics of meat, milk fatty
acids and characteristics related to feed intake. It was concluded that the SNPs identified could be
used in genomic selection programs in developing countries and combined with other datasets for
global selection.
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1. Introduction
Increase in demand for animal products, particularly meat and milk [1], has stimulated producers
to improve the efficiency of production systems and reduce their environmental costs due to consumer
concern about the effects of anthropogenic activities on global warming. Figures from FAO considering
land use, processing and transportation for the final product, indicate that the livestock sector contributes
nearly 18% of the total anthropogenic greenhouse gas (GHG) emissions [2]. However, the dairy industry
is believed to be responsible for approximately 4% of global GHG emissions [2], with CH4 being one
of the main GHGs emitted from this industry. CH4 is colorless and odorless with a global warming
potential 25 times higher than carbon dioxide (CO2) [3].
In dairy cattle, many strategies have been proposed to mitigate CH4, including the reduction
of herd size, increased milk yield, diet manipulation, use of CH4 inhibitors, immunization against
methanogenic archaea, and direct and indirect selection for CH4 emission in a breeding program [4].
Research in cattle and sheep has described considerable variability in CH4 emissions between
individuals fed on the same diet [5], which seems to be related to rumen microbial populations and
ruminal kinetics and is also influenced by salivation, rumination and feeding behaviors [6]. Studies on
the stoichiometry between volatile fatty acids (VFA) and CH4 [7] indicated that CH4 is synthesized by
microorganisms (Archea being the most important) from compounds released during VFA production,
mainly from substrates such as H2 and CO2 in addition to formate, methylamines, and methanol
from demethylation of plant polymers [8]. Moreover, short-chain fatty acids are precursors of milk
fatty acids [9]; therefore, a high association between CH4 production and milk composition has been
suggested [10].
The genome-wide association study (GWAS) represents an important tool for the detection of
candidate genes, haplotypes or single nucleotide polymorphisms (SNPs) related to characteristics
of economic interest [11]. Advances in genomic selection have proven to aid dairy cattle selection
to improve the genetic gain of several characteristics, especially those with low heritability, such as
genomic regions associated with CH4 emissions [12].
The heritability of CH4 emission has been reported to be low [13], which makes a selection for
this characteristic difficult. Moreover, information regarding CH4 emission from animals in different
environments and production systems in developing countries is scarce. Consequently, the scope for
breeding animals with low CH4 emissions in developing countries is unknown, even though these
countries account for the majority of cattle in the world [14]. Cattle production in developing countries
often features local Bos taurus indicus breeds and crosses, and reliance on locally grown forage crops.
Therefore, the genetic markers for CH4 emissions established for Bos taurus taurus cattle in developed
countries might not be applicable in developing countries. The implicit scope of the present study was
to investigate characteristics that could be associated with CH4 production in order to indirectly select
against CH4 production in the future. Therefore, the aim of the present study was to identify genomic
regions associated with CH4 emissions by dairy cattle in temperate and tropical areas. The hypothesis
of this project was that by using CH4 measurements in three dairy systems, general markers for
characteristics associated with CH4 production would be identified.
2. Materials and Methods
A total of 280 cows kept in 10 commercial cattle dairy farms with three different production
systems across Mexico were used: 1) Dual Purpose (DP, n = 100, herds = A, B, C), composed of Bos
taurus taurus (Simmental, Holstein or Brown Swiss) and Bos taurus indicus crosses (Zebu); 2) Familiar
Production System (FS, n = 104, herds = D, E, F, G), composed mainly of Holstein cattle and finally,
3) Specialized Tropical Dairy (ST, n = 76, herds = H, I), mainly Holstein, Brown Swiss, and their crosses.
Feeding in the DP and ST systems consisted of grazing forage grasses such as Star of Africa
(Cynodon plectostachyus), Tanzania and Mombaza (Megathyrsus maximus), Pangola (Digitaria decumbens)
and Brachiaria spp. Supplemented with concentrates containing 200 g CP/kg at the time of milking.
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Samples of commercial concentrates, complete diets, energy and protein ingredients, and forage
grasses were collected from each herd. The samples were sent to the CENID FyMA nutrition
laboratory and their components were determined with the methodologies of Van Soest et al. [15]
and Weiss et al. [16]. The average percentage composition of the pastures through the study was Dry
Matter (DM) 35.1, Crude Protein (CP) 8.0, Neutral Detergent Fiber (NDF) 70.4, Acid Detergent Fiber
(ADF) 39.8, lignin 5.7. The estimated consumption of dry matter (DMI) was on average 12.0 kg per
cow per day (Table 1).
Table 1. Feeding by the dairy herd.
Feeding Herds
A B C D E F G H I
Concentrate (kg) 3.5 2 2 11 6.6 10.4 6.3 3.5 3.5
Corn silage (kg) 5.2
Alfalfa hay (kg) 1.7
Corn stubble (kg) 5.4 8 4.8 3.3
Saccharum sinense (kg) 20 20 20
Grazing
Cynodon plectostachyus Vanderyst (kg) X X X X
Sorghum vulgare (kg) X
Megathyrsus maximus (kg) X X
Brachiaria decumbens Stapf (kg) X X
Desmodium ovalifolium (kg) X
Andropogon gayanus Kunth (kg) X
Pennisetum sp. (kg) X
Digitaría decumbens Stend (kg) X
Native grasses X X X X
Feeding in the FS consisted of a total mixed ration (TMR) or grazing plus supplementation with
concentrates at time of milking moment (Table 1). The average percentage composition of the diet was
DM 65.0, CP 15.5, NDF 39.4, ADF 22.8, Lignin 2.8 and Ash 7.6. The ratio of forage:concentrate was on
average 39:61. Using a tape measure, the average weight of the cows was 546 kg. The average DMI
was estimated at 17.4 kg per cow per day.
2.1. Measurement of CH4 Emissions
CH4 emissions were estimated for individual cows during milking using an infrared sensor
system, (Guardian NG, Infrared Gas Monitor), calibrated and used according to Garnsworthy et al. [17].
During milking and for six weeks, each cow was semi-restrained with the head enclosed in a Perspex
head box. Cows were offered concentrate individually. A sampling tube was placed in each head
box, through which air was sampled at the rate of 2 liters per minute. Concentrations of CH4 were
measured continuously. These measurements were used to calculate the emission of CH4 per minute
per liter of air. The feeders were designed to minimize air currents inside the Perspex head boxes and
to obtain reliable measurements without altering daily milking routines. CH4 estimations are reported
as mg CH4/L of air sampled at the time of milking (MEIm) [17].
2.2. DNA Sampling and Genotyping
Tail hair, including the hair follicles, was sampled from all the animals in the study. Samples were
individually identified and sent to GeneSeek Laboratory (Lincoln, NE, USA) for DNA extraction and
genotyping using high-density panels. Two different high-density chips were used for genotyping due
to breed variability (both with the reference genome Bos_taurus_UMD_3.1.1): the GGP Bovine LD V4
chip with 30,125 SNPs was used for FS (only Holstein), and the GGP Bovine 150k chip with 138,962
SNPs was used for DP and ST (high number of crossed-bred animals).
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2.3. Quality Control of Genotypes
Only SNPs common to both chips (n = 26,145 SNPs) were used for the genomic analysis. Prior
to GWAS, a quality control analysis of genotypes was carried out, in which all SNPs that had a
call rate of less than 0.95, a minor allele frequency of less than 0.05 and those that failed to be in
Hardy-Weinberg equilibrium in the experimental population (p < 0.0001) were not included. Individual
animals with a call rate of less than 0.95 were also eliminated. After the quality control analysis, 21,958
autosomal and mitochondrial SNPs from 280 cows were used to carry out genotype association tests.
Subsequently, a genotype association test was carried out, including a false positive detection test and
Bonferroni test.
2.4. Statistical Analysis
CH4 production during milking was evaluated using a completely randomized factorial design,
with the MIXED procedure using SAS software [18]. The model used was
yijk = µ + Hi + Mj + ε(ij)k (1)
where
yijk = MEIm in the k-th observation in the i-th herd and j-th months in milk.
µ = overall mean.
Hi = fixed effect of the i-th herd.
Mj = fixed effect of the j-th month in milk.
ε(ij)k = CH4 production during milking residual in the k-th observation in the i-th herd and j-th months
in milk.
The effects of days in milk, average milk yield and dairy system were also evaluated in the model,
however, herd and months in milk fit the model significantly better.
The effects included in the model explain part of the environmental variation. The residuals
represent the proportion of the variance not explained by the model effects, including genetic
variance [19], for that reason, residuals values were used as phenotypes in the GWAS.
2.5. Complete Genome Association
A principal component analysis (PCA) was applied to the genotype data to infer continuous
axes of genetic variation. Let gij be a matrix of genotypes for SNP i and individual j, where i = 1
to M and j = 1to N. We subtract the row mean µi = (
∑
j gij)/N from each entry in row i to obtain a
matrix with row sums equal to 0. We then normalize row i by dividing each entry by
√
pi(1− pi),
where pi is a posterior estimate of the unobserved underlying allele frequency of SNP i defined by
pi = (1 +
∑
j gij)/(2 + 2 N). The resulting matrix is X. We compute an N × N covariance matrix Ψ of
individuals, where Ψjj´is defined to be the covariance of column j and column j´ of X. The kth axis
of variation is the kth eigenvector of Ψ. The axes of variation reduce the data to a small number of
dimensions, describing as much variability as possible; they are defined as the top eigenvectors of a
covariance matrix between samples. This method allows the detection and correction of population
stratification on a genome-wide scale, maximizing the detection of true associations and minimizing
erroneous associations [20]. Quality control analyses and GWAS were conducted with the Golden
Helix program [21]. SNP & Variation Suite incorporates advanced regression technologies that enable
one to perform linear and logistic regression, stepwise regression (both backward elimination and
forward selection), gene by environment interaction regression, and permutation tests with numeric
variables and recorded genotypes.
We use residuals from Equation (1), which are now adjusted for polygenic covariation and fixed
effects, as a novel quantitative trait for association analyses with each of many markers using classical
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methods for unrelated individuals (“population-based design”). These residuals are used as the
dependent trait in a simple linear regression for each SNP.
êi = µ+ kgi + ei (2)
where êi is the vector of residuals from (1), µ is the mean, g is the vector of markers corrected by PCA,
k is the vector of markers effects, and e is the vector of random residuals.
3. Results
The descriptive statistics of MEIm (Table 2) for the ST system were 0.082 mg/L and for DP and FS
systems, the mean of both was 0.062 mg/L; variability was greater in the DP system than in the other
production systems. CH4 emissions on DP and FS were similar (P < 0.05) and lower than ST (P < 0.05).
Milk yield was different among the three dairy production systems, as presented in Table 2.
Table 2. Descriptive statistics of mg of CH4/L of air sampled at the time of milking (MEIm) and milk
yield (MY) in three production systems in Mexico.
System Herd n
MEIm (mg/L) MY (kg per day)
µ σ µ σ
Dual
Purpose
A 51 0.076 ab 0.076 4.2 g 2.0
B 16 0.038 bc 0.012 6.5 g 1.6
C 33 0.053 abc 0.015 10.9 ef 2.8




D 24 0.050 abc 0.010 18.2 abc 7.6
E 16 0.067 abc 0.013 14.3 de 3.8
F 33 0.067 abc 0.017 21.6 ab 4.8
G 31 0.061 abc 0.014 12.1 def 4.4




H 38 0.082 a 0.017 17.5 bc 4.7
I 38 0.082 abc 0.018 6.1 g 2.0
TOTAL 76 0.082 B 0.017 11.8 B 6.8
a, b, c, d, e, f, g Values of the herd within a row with different superscripts differ significantly at P < 0.05. A, B, C Values
of the system within a row with different superscripts differ significantly at P < 0.05.
Figure 1 shows the box plot for MEIm and MY. It is observed that the distribution of methane
production is similar in all the herds, however, in herds A, H and I, there are outliers. It is worth
mentioning that these three herds are in the same region and share high connectivity. The MY is
explained by observing that the herds with the highest milk production are those that have pure breeds
Bos taurus taurus while the cattle crossed with Bos taurus indicus have the lowest values.
The data were corrected of population stratification on a genome-wide scale. The PCA analysis
for the dairy production systems and breeds is shown in Figure 2. Systems DP and ST showed a more
dispersed population stratification, in contrast to FS, which was not stratified.
The quantile–quantile plot (Figure 3) did not show large deviations from the null hypothesis,
which means that PCA corrected the population stratification on a genome-wide scale structure. In the
Q–Q plot, if the observed values correspond to the expected values, all the points are on or near the
middle line between the x-axis and the y-axis (null hypothesis: black line in Figure 3). The observed P
values are clearly more significant than expected under the null hypothesis. There is no early separation
of the expected from the observed, which means that there is not a population stratification [22].
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4. Discussion
The CH4 emissions in the present study are lower than those published by Garnsworthy et al. [17]
and Bell et al. [23] wh ch were record d in specialized dairy systems with a higher consumption of
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dry matter and concentrates than in the current study. Although grain-based diets result in a lower
production of CH4 compared to diets based on forage [24], in this case, differences are likely due to
the consumption of dry matter because the farms measured in the current study had animals grazed
whereas specialized systems have diets based on conserved forages and concentrate.
The PCA stratification could be the result of crossbreeding, which is predominant in DP and ST
systems. The SNPs associated with genetic variation in MEIm (p < 0.001) have been associated with
characteristics of meat composition, milk fatty acids and characteristics related to feed intake [25–31].
Correcting the genotype through the PCA, we avoid a high the genomic inflation factor.
The genomic inflation factor expresses the deviation of the distribution of the observed test statistic
compared to the distribution of the expected test statistic. High genomic inflation factors are caused
by population stratification, strong linkage disequilibrium (LD) between SNPs, strong association
between SNPs and phenotypes, and systematic bias [32].
As trait complexity increases, the number of loci affecting the trait increases along with
environmental interactions with an expected decrease in heritability. Conversely, for complex traits,
a higher number of loci affect the trait, there is more interaction with the environment, and there is an
expected decrease in heritability. For a trait with a low heritability, the threshold value for significance
of associating loci with a trait would have low −log10 (p-values) [33]. In published studies in pig
populations, threshold values for −log10 (p-value) ranged from 3.3 to 6, using either no multiple testing
correction, a Bonferroni correction, the false discovery rate, or genomic control [32].
4.1. Markers Associated with Dairy Traits
SNPs identified to be associated to methane emission in this study on chromosomes 13
(position 47,642,260), 14 (position 62,204,044) and 19 (position 47,747,001) were, in other studies,
associated with milk fatty acid composition for C6:0, cis-9-C16:1 percentage [27] and several other
fatty acids [26], respectively. Short-chain fatty acids are precursors of fatty acids in milk [9] and CH4
is synthesized by archaea from CO2 and H2 released during VFA production [8]. Previous studies
have described associations between CH4 and fatty acids in milk, finding both positive and negative
correlations [34,35], and these relationships can be used to predict CH4 emissions [36].
On chromosome 1 (Figure S1.1c), two markers associated with MEIm were located within the
QTL associated with the percentage of myristic acid in milk [26]: one in the SLC9A9 gene and the
other in the LOC104971015 gene. On chromosome 13, a marker associated with MEIm was found
within the QTL associated with the percentage of caproic acid in milk [27], on the SLC23A2 gene
(Figure S1.4b). On chromosome 14 (Figure S1.5), a marker associated with MEIm was found within
the QTL associated with the percentage of palmitoleic acid in milk [27]. On chromosome 17 (Figure
S1.6), two markers associated with CH4 were found within the QTL associated with fatty acids in
milk [27], both on the TMEM233 gene. On chromosome 19 (Figure S1.7) a marker associated with CH4
was found within two QTL associated with fatty acids in milk [26], on the MRC2 gene. Finally, on
chromosome 20 (Figure S1.8) there is a QTL associated with fatty acids in milk [26] that has a marker
associated with CH4 on the RAI14 gene.
4.2. Markers Associated with Beef Traits
Significant markers for MEIm were found in regions previously associated with characteristics of
fatty acids in meat. This study found gene regions associated with methane emissions and through
these, genes related to the intramuscular fat content (chromosome 5 position 41,431,327) [28] and content
of different fatty acids (i.e., chromosome 1 position 84,485,319: trans-6/9-C18:1; and, chromosome
13 position 36,197,476: C22:1 fatty acid and trans-12-C18:1) [29].
Additionally, relationships were found between our markers on chromosome 1 at position
107,388,026 for dry matter intake and on chromosome 14 at position 7,744,264 for residual feed
intake [30]. The production of CH4 has been correlated with dry matter intake (r = 0.46) [37] and
residual food intake (r = 0.36) [38].
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On chromosome 1 (Figure S1.1a) a QTL related to dry matter intake [30] was found, and it can
be seen that the QTL peak and the MEIm marker are in the same PPM1L gene. In addition, on
chromosome 1 (Figure S1.1b), we found a marker associated with MEIm within a QTL linked to the
trans-6/9-C18 fatty acid:1 [29]; this marker is found in the MCF2L2 gene and is very close to the QTL
peak. Figure S1.1d shows markers associated with MEIm inside the QTL for daily weight gain [28];
this is a relatively broad QTL, within which we found seven markers associated with MEIm, going
through the genes LOC107132190, LOC104970931, LOC100138913, NAALADL2, MECOM, and PPM1L.
On chromosome 3 (Figure S1.2), we found a marker associated with MEIm that is found inside
the QTL associated with daily weight gain [31]. On chromosome 5 (Figure S1.3), we found a marker
associated with MEIm within the QTL for intramuscular fat [25], on the SLC2A13 gene. On chromosome
13, we found a marker associated with MEIm, that is, in the QTL related to the content of the fatty
acids C22:1 and trans-12-C18:1 [29], this is very close to the QTL peak (Figure S1.4a).
Finally, our GWAS results concur with those previous observations of markers on chromosomes 4
and 20, associated with CH4 production per unit of dry matter intake [13].
The primary aim of this study was to identify genomic regions associated with CH4 emissions
by dairy and dual-purpose cattle in temperate and tropical areas of Mexico. This aim was achieved
and the SNPs identified to provide a solid foundation on which to develop further studies leading to
genomic selection for low CH4 emissions in developing countries. Of course, selection for low CH4
emissions must be in parallel with selection for feed efficiency and other traits of economic importance.
The secondary aim of this study was to compare the SNPs identified to the markers reported to be
associated with production traits previously related to CH4 emissions. This aim was also successful,
and the associations discovered provide confidence that the results of this study concur with known
biological pathways. Furthermore, the associations provide confidence that the results could be
combined with datasets generated in developed countries to provide tools for genomic selection on a
global basis.
5. Conclusions
In this study, 46 SNPs that have significant associations with MEIm were identified. Several SNPs
associated with MEIm were found at regions previously described for QTLs associated with composition
characteristics of the meat, milk fatty acids, and characteristics related to feeding intake, such as residual
feed intake. Relationships between mammary synthesis of fatty acids and ruminal synthesis of CH4
are expected, and correlations between CH4 and the fatty acids in milk have been reported, so similar
relationships might be expected between CH4 and the fatty acids in meat. The SNPs identified in this
study may be incorporated into genomic selection programs for low CH4 emissions in developing
countries and could be combined with other datasets to provide tools for genomic selection on a global
basis. A future direction for this work could be to sequence the specific regions where the significant
markers are found and compare between breeds. This could give stronger results for the characteristics
associated with methane production.
Supplementary Materials: The following are available online at http://www.mdpi.com/2073-4425/10/12/995/s1,
Figure S1: QTLs and genes associated with methane production during milking (MEIm), Table S1: SNPs associated
to methane production in this study.
Author Contributions: Data curation, J.H.H.-M., F.J.R.-L., A.G.-R. and E.I.M.-M.; Formal analysis, R.C.-C.,
V.E.V.-M., M.M.-B., N.S. and S.I.R.-P.; Funding acquisition, V.E.V.-M., J.A.B.-C. and S.I.R.-P.; Investigation, R.C.-C.,
A.G.-R., M.E.A.-V., E.G.-P. and S.I.R.-P.; Methodology, F.J.R.-L., A.G.-R., E.G.-P., E.I.M.-M. and P.C.G.; Resources,
J.H.H.-M., V.E.V.-M., M.M.-B., M.E.A.-V. and P.C.G.; Software, N.S. and P.C.G.; Supervision, J.H.H.-M., F.J.R.-L.,
A.G.-R., V.E.V.-M., M.M.-B., M.E.A.-V., E.G.-P., N.S. and S.I.R.-P.; Writing – original draft, R.C.-C., A.G.-R. and
V.E.V.-M.; Writing – review & editing, J.H.H.-M., J.A.B.-C., P.C.G. and S.I.R.-P.
Funding: The National Institute funded this research for Forestry, Agriculture and Livestock Research INIFAP for
funding this research through project SIGI number 0504831979, and the APC was funded by institutional funds.
Genes 2019, 10, 995 10 of 11
Acknowledgments: The authors thank the National Institute for Forestry, Agriculture and Livestock Research
INIFAP for funding this research through project SIGI number 0504831979 and the National Council of Science
and Technology.
Conflicts of Interest: The authors declare no conflict of interest.
References
1. OECD Publishing. OECD-FAO OECD-FAO Agricultural Outlook 2016-2025; OECD: Paris, France, 2016; ISBN
978-92-64-25323-0.
2. Food and Agriculture Organization of the United Nations. Greenhouse Gas Emissions from the Dairy Sector;
FAO: Roma, Italy, 2010.
3. IPCC. Climate Change 2014: Mitigation of Climate Change; Cambridge University Press: New York, NY, USA,
2014; ISBN 978-11-07-65481-5.
4. Wall, E.; Simm, G.; Moran, D. Developing breeding schemes to assist mitigation of greenhouse gas emissions.
Animal 2010, 4, 366–376. [CrossRef] [PubMed]
5. Grainger, C.; Clarke, T.; McGinn, S.M.; Auldist, M.J.; Beauchemin, K.A.; Hannah, M.C.; Waghorn, G.C.;
Clark, H.; Eckard, R.J. Methane emissions from dairy cows measured using the sulfur hexafluoride (SF6)
tracer and chamber techniques. J. Dairy Sci. 2007, 90, 2755–2766. [CrossRef] [PubMed]
6. Demeyer, D.; Fievez, V. Article de synthèse Ruminants et environnement: La méthanogenèse. Ann. Zootech.
2000, 49, 95–112. [CrossRef]
7. Demeyer, D.I.; van Nevel, C.J. Methanogenesis, an integrated part of carbohydrate fermentation and its
control. In Digestion and Metabolism in the Ruminant I; University of New England Publishing Unit: Armidale,
Australia, 1975; pp. 366–382.
8. Sosa, A.; Galindo, J.; Bocourt, R. Metanogénesis ruminal: Aspectos generales y manipulación para su control.
Rev. Cuba. Cienc. Agrícola 2007, 41, 105–114.
9. Mohammed, R.; McGinn, S.M.; Beauchemin, K.A. Prediction of enteric methane output from milk fatty
acid concentrations and rumen fermentation parameters in dairy cows fed sunflower, flax, or canola seeds.
J. Dairy Sci. 2011, 94, 6057–6068. [CrossRef] [PubMed]
10. Miettinen, H.; Huhtanen, P. Effects of the Ratio of Ruminal Propionate to Butyrate on Milk Yield and Blood
Metabolites in Dairy Cows. J. Dairy Sci. 1996, 79, 851–861. [CrossRef]
11. Pearson, T.A.; Manolio, T.A. How to Interpret a Genome-wide Association Study. Am. Med. Assoc.
2008, 299, 1335–1344. [CrossRef]
12. García-Ruiz, A.; Cole, J.B.; VanRaden, P.M.; Wiggans, G.R.; Ruiz-López, F.J.; Tassell, C.P. Van Changes in
genetic selection differentials and generation intervals in US Holstein dairy cattle as a result of genomic
selection. Proc. Natl. Acad. Sci. USA 2016, 113, E3995–E4004. [CrossRef]
13. Manzanilla-Pech, C.I.V.; De Haas, Y.; Hayes, B.J.; Veerkamp, R.F.; Khansefid, M.; Donoghue, K.A.; Arthur, P.F.;
Pryce, J.E. Genomewide association study of methane emissions in angus beef cattle with validation in dairy
cattle. J. Anim. Sci. 2016, 94, 4151–4166. [CrossRef]
14. FAO. World Agriculture: Towards 2015/2030; Bruinsma, J., Ed.; Earthscan Publications Ltd: London, UK, 2003;
ISBN 925-1048-355.
15. Van Soest, P.J.; Robertson, J.B.; Lewis, B.A. Methods for Dietary Fiber, Neutral Detergent Fiber, and Nonstarch
Polysaccharides in Relation to Animal Nutrition. J. Dairy Sci. 1991, 74, 3583–3597. [CrossRef]
16. Weiss, W.P.; Conrad, H.R.; Pierre, N.R. A theoretically-based model for predicting total digestible nutrient
values of forages and concentrates. Anim. Feed Sci. Technol. 1992, 39, 95–110. [CrossRef]
17. Garnsworthy, P.C.; Craigon, J.; Hernandez-Medrano, J.H.; Saunders, N. On-farm methane measurements
during milking correlate with total methane production by individual dairy cows. J. Dairy Sci.
2012, 95, 3166–3180. [CrossRef] [PubMed]
18. SAS, I. Base SAS®9.4 Procedures Guide: Stadistical Procedures; SAS Institute Inc.: Cary, NC, USA, 2013.
19. Slager, S.L.; Iturria, S.J. Genome-wide linkage analysis of systolic blood pressure: A comparison of two
approaches to phenotype definition. BMC Genet. 2003, 4, 1–4. [CrossRef] [PubMed]
20. Price, A.L.; Patterson, N.J.; Plenge, R.M.; Weinblatt, M.E.; Shadick, N.A.; Reich, D. Principal components
analysis corrects for stratification in genome-wide association studies. Nat. Genet. 2006, 38, 904–909.
[CrossRef] [PubMed]
Genes 2019, 10, 995 11 of 11
21. Golden Helix Inc. SNP Genome-Wide Association Tutorial; Golden Helix, Inc.: Bozeman, MT, USA, 2017.
22. Ehret, G.B. Genome-wide association studies: Contribution of genomics to understanding blood pressure
and essential hypertension. Curr. Hypertens. Rep. 2010, 12, 17–25. [CrossRef]
23. Bell, M.; Saunders, N.; Wilcox, R.; Homer, E.; Goodman, J.; Craigon, J.; Garnsworthy, P. Methane emissions
among individual dairy cows during milking quantified by eructation peaks or ratio with carbon dioxide.
J. Dairy Sci. 2014, 97, 6536–6546. [CrossRef]
24. Beauchemin, K.A.; McAllister, T.A.; McGinn, S.M. Dietary mitigation of enteric methane from cattle. CAB
Rev. Perspect. Agric. Vet. Sci. Nutr. Nat. Resour. 2009, 4, 1–19. [CrossRef]
25. Barendse, W. Haplotype analysis improved evidence for candidate genes for intramuscular fat percentage
from a genome wide association study of cattle. PLoS ONE 2011, 6, e29601. [CrossRef]
26. Bouwman, A.C.; Bovenhuis, H.; Visker, M.H.; Am Van Arendonk, J. Genome-wide association of milk fatty
acids in Dutch dairy cattle. BMC Genet. 2011, 12, 1–12. [CrossRef]
27. Bouwman, A.C.; Visker, M.H.; Am Van Arendonk, J.; Bovenhuis, H. Genomic regions associated with bovine
milk fatty acids in both summer and winter milk samples. BMC Genet. 2012, 13, 1–13. [CrossRef]
28. Peters, S.O.; Kizilkaya, K.; Garrick, D.J.; Fernando, R.L.; Reecy, J.M.; Weaber, R.L.; Silver, G.A.; Thomas, M.G.
Bayesian genome-wide association analysis of growth and yearling ultrasound measures of carcass traits in
brangus heifers. J. Anim. Sci. 2012, 90, 3398–3409. [CrossRef] [PubMed]
29. Saatchi, M.; Garrick, D.J.; Tait Jr, R.G.; Mayes, M.S.; Drewnoski, M.; Schoonmaker, J.; Diaz, C.; Beitz, D.C.;
Reecy, J.M. Genome-wide association and prediction of direct genomic breeding values for composition of
fatty acids in Angus beef cattle a. BMC Genom. 2013, 14, 1–15. [CrossRef] [PubMed]
30. Saatchi, M.; Beever, J.E.; Decker, J.E.; Faulkner, D.B.; Freetly, H.C.; Hansen, S.L.; Yampara-Iquise, H.;
Johnson, K.A.; Kachman, S.D.; Kerley, M.S.; et al. QTLs associated with dry matter intake, metabolic mid-test
weight, growth and feed efficiency have little overlap across 4 beef cattle studies. BMC Genom. 2014, 15, 1–14.
[CrossRef] [PubMed]
31. De Oliveira, P.; Cesar, A.; Nascimento, M.L.; Chaves, A.S.; Tizioto, P.C.; Tullio, R.R.; Lanna, D.; Rosa, A.N.;
Sonstegard, T.S.; Mourao, G.B.; et al. Identification of genomic regions associated with feed efficiency in
Nelore cattle. BMC Genet. 2014, 15, 1–10. [CrossRef]
32. Den Berg, S.; Vandenplas, J.; Eeuwijk, F.A.; Lopes, M.S.; Veerkamp, R.F. Significance testing and genomic
inflation factor using high-density genotypes or whole-genome sequence data. J. Anim. Breed. Genet.
2019, 418–429. [CrossRef]
33. Kaler, A.S.; Purcell, L.C. Estimation of a significance threshold for genome-wide association studies.
BMC Genom. 2019, 20, 618. [CrossRef]
34. Chilliard, Y.; Martin, C.; Roual, J.; Doreau, M. Milk fatty acids in dairy cows fed whole crude linseed,
extruded linseed, or linseed oil, and their relationship with methane output. J. Dairy Sci. 2009, 92, 5199–5211.
[CrossRef]
35. Dijkstra, J.; van Zijderveld, S.; Apajalahti, J.; Bannink, A.; Gerrits, W.; Newbold, J. Relationships between
methane production and milk fatty acid profiles in dairy cattle. Anim. Feed Sci. Technol. 2011, 166–167,
590–595. [CrossRef]
36. Van Gastelen, S.; Hettinga, K.A.; Dijkstra, J. Relationships between methane emission of Holstein Friesian dairy
cows and fatty acids, volatile metabolites and non-volatile metabolites in milk. Animal 2017, 11, 1539–1548.
[CrossRef]
37. Fitzsimons, C.; Kenny, D.A.; Deighton, M.H.; Fahey, A.G.; McGee, M. Methane emissions, body composition,
and rumen fermentation traits of beef heifers differing in residual feed intake. J. Anim. Sci. 2013, 91, 5789–5800.
[CrossRef]
38. Pickering, N.K.; Oddy, V.H.; Basarab, J.; Cammack, K.; Hayes, B.; Hegarty, R.S.; Lassen, J.; McEwan, J.C.;
Miller, S.; Pinares-Patiño, C.S.; et al. Animal board invited review: Genetic possibilities to reduce enteric
methane emissions from ruminants. Animal 2015, 9, 1431–1440. [CrossRef] [PubMed]
© 2019 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).
